INTRODUCTION
Modeling of a biological process (e.g., growth rate, egg production, and hatchability) in domestic animals and poultry is one of the most important steps to approach maximum productivity and make economic decisions. In some cases, the effect of input variables are not fully understood in the system, and latent relationships between inputs and output may exist. Therefore, classical methods of data processing (e.g., multiple linear regression) may not be efficient to elicit the complicated interrelationships of biological responses and influencing factors. Research has shown that the application of appropriate mathematical models may release more precise information on the system output along with accurate prediction of performance (Baş and Boyacı, 2007b; Golian, 2010, 2011; Savegnago et al., 2011; Mehri, 2012; Peruzzi et al., 2012) . Narushin and Romanov (2002) reviewed the importance of some physical characteristics of the egg including egg weight, eggshell thickness, sphericity, and yolk/ albumin ratio on hatchability, but the exact contribution of these factors in the incubation process remains unknown. More recently, Peruzzi et al. (2012) applied fuzzy logic to model hatchability as a function of egg physical characteristics. They compared the fuzzy logic-based model with traditional regression analysis and concluded that conventional statistical methods are not suited for modeling complex systems such as the incubation process. Fuzzy logic is an expert system that relies on logic, belief, rules of thumb, opinion, and experience. In such systems, part of the data may be excluded from the modeling process based on if-then rules, resulting in lower interpolation capacity of the model (Basheer and Hajmeer, 2000) .
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neural network (ANN). The ANN can make reliable prediction of egg production curves in laying hens (Ahmadi and Golian, 2008; Faridi and Golian, 2011; Savegnago et al., 2011) and nutritional estimations in broilers (Mehri, 2012) . The ANN-based models are empirical in nature and they can provide practical solution for phenomena that are not precisely understood through experimental data (Basheer and Hajmeer, 2000) . This important feature of neurocomputing models enables those to describe the complex relationships between inputs and outputs without prior knowledge about the data structure and their inherent relationships (Dayhoff and DeLeo, 2001 ).
In comparison with ANN, which possesses high fault tolerance to incomplete and noisy data, expert systems such as fuzzy logic are very sensitive to noisy data and implementing the appropriate model (ANN or fuzzy logic) depends on both data availability and certainty of the underlying theory of phenomena. When data are sufficient but the theory is limited, an ANN-based model would be suited for data processing, whereas expert systems could be used in the situations where both data and theory are inadequate (Basheer and Hajmeer, 2000) .
The objectives of this study were 1) modeling hatchability in laying hens from 29 to 56 wk of age using ANN and 2) comparing different models to predict hatchability in terms of statistical parameters and their accuracy.
MATERIALS AND METHODS

Data Source
The data of hatchability and physical properties of fertile eggs were obtained from the study reported by Peruzzi et al. (2012) . They applied 2 analytical methods, fuzzy logic and multiple linear regression (MLR), to predict hatchability from the physical characteristics including egg weight, eggshell thickness, sphericity, and yolk/albumin ratio. The published means of inputsoutput (consisting 28 data lines) were used in this research to model hatchability using ANN (Table 1) .
Model Development
A feed-forward multilayer perceptron (MLP) was developed to predict hatchability in laying hens from 29 to 56 wk of age. The 28 data lines were randomly divided into 2 sets of training (20 data lines) and testing (8 data lines). The entire data set was imported into Statistica Neural Network software version 8.0 (StatSoft, 2008) . The architecture of the MLP was determined using the selection algorithm integrated in the intelligent problem solver module of Statistica software (StatSoft, 2008). 
Sensitivity Analysis
The weight of each input in the developed model was determined by the computation of variable sensitivity ratio (VSR) as described by Ahmadi and Golian (2010) . More details on the concept of sensitivity analysis are available elsewhere (Hunter et al., 2000) .
Model Evaluation
The forecasting ability of ANN, fuzzy logic, and MLR models was compared using R 2 , mean absolute deviation (MAD), mean squared error (MSE), mean absolute percentage error (MAPE), and bias (Roush et al., 2006; Baş and Boyaci, 2007a) .
RESULTS AND DISCUSSION
The optimal structure of MLP model for hatchability was obtained by the feedforward error-backpropagation learning algorithm, with 4 inputs, 1 output, and 7 hidden neurons. The matrices of input (p), network weights (W), and bias (b) were used to calculate output (a) as in Figures 1 and 2 . The backpropagation algorithm is based on searching error using gradient descent to minimizing error of network weights (Bishop, 2006) .
The forecasting ability of different models was evaluated in terms of R 2 , MAD, MSE, MAPE, and bias (Table 2) . Considering statistical parameters, the ANN predicted hatchability more accurately than fuzzy logic and MLR. The higher determination coefficient of ANN (R 2 = 0.99) clearly showed that the most variation in the response could be explained by the model. The use of ANN rather than fuzzy logic and MLR increased the model accuracy by 11 and 29%, respectively, in term of determination coefficient. Moreover, lowest error parameters of ANN modeling resulted in lower error dis- Figure 1 . The structure of multi-input neuron, where p, W, and b are the input, weight, and bias matrices, respectively; R is the number of inputs; and a is the output matrix (adapted from Hagan et al., 1996) . 4 , and 5). The higher ability of ANN for predicting the performance of poultry than classical regression methods has been reported by the authors (Ahmadi and Golian, 2011; Mehri, 2012) . Recently, Peruzzi et al. (2012) also reported that fuzzy logic outperformed MLR model to predict hatchability. Korany et al. (2012) stated that when all data are potentially used in the modeling process the higher model accuracy could be expected. In classical regression methods, stepwise selection procedure excludes nonsignificant variables at an arbitrary significance level, resulting in lower R 2 than ANN models. The present study revealed that the ANN-based model was superior to fuzzy logic. In rule-based expert systems, part of the data may be excluded based on if-then rules. Peruzzi et al. (2012) used 45 inputs combinations from 300 possible propositions. In the ANN approach, no screening work has been done on the data set and the entire data set has an equal chance to be in the constructing model, so the higher accuracy of ANN compared with fuzzy logic may be related to this phenomenon (Korany et al., 2012; Mehri, 2012) . Peruzzi et al. (2012) argued that the main reason for implementation of fuzzy logic in their study was the unknown relationships between physical properties and hatchability of fertile eggs. However, Basheer and Hajmeer (2000) suggested that model selection for an arbitrary problem depends on the availability of both data and theory explaining the underlying process. They noted that for a problem with sufficient data but unclear theory, ANN can be a perfect data-mining tool. Moreover, MLP network has a universal approximation capability that can approximate any kind of function to any degree of accuracy (Bishop, 2006) .
The relative importance of independent variables was determined using the entire data lines (training and testing) to calculate the overall VSR. The weight of each input in respect to VSR values is given in Table 3 . The most important variable in the ANN-based model was egg weight (VSR = 283.11), followed by yolk/albumin ratio (VSR = 113.16), eggshell thickness (VSR = 16.23), and sphericity (VSR = 3.63). As shown, the VSR values of egg weight and yolk/albumin ratio indicate that these characteristics were much more im- portant variables than eggshell quality and egg shape. Peruzzi et al. (2012) reported that the egg weight and yolk/albumin ratio increased as chickens aged and most variation during the experimental period was attributed to egg weight. Moreover, they showed that regression analysis did not consider the egg shape as a significant variable in the hatchability model, which was in line with the present results.
In conclusion, although the mean values of inputoutput were used in the present study and all aspects of original data were not considered in the modeling process, the ANN outperformed fuzzy logic and MLR for predicting hatchability during early cycle of production in laying hens. Because previous works demonstrated the importance of physical characteristics of the egg in hatchability, application of fuzzy logic may not be necessary and neurocomputation of data may provide better information on the complex mechanism of hatchability. 
